Abstract: Existing analysis tools for flow cytometry data offer specialised but limited functionality. This work presents advantages of combining the cytometer's data with sample-specific information. Data is loaded into a relational database, where the analyst can query based on sample characteristics such as species, gender, diet type or sample stain type.
Introduction
Flow cytometry is a common technique used by research biologists and immunologists. Flow cytometry processing collects data on several different attributes of each cell, and on thousands of cells per sample. This technique is used to study cell behaviour, and to investigate treatments for diseases such as cancer, HIV and sickle cell anaemia.
The data collected by the flow cytometer is written to a published but esoteric format. Generally, biologists use proprietary software to access the data and perform a fixed set of analyses. Unfortunately, these techniques are limited and limiting. This work provides mechanisms and methods to dramatically improve the efficiency and range of the data analysis techniques.
One of the strengths of the flow cytometer is its ability to record multiple independent and quantitative measurements on a large number of cells (Parks, 1996) . A flow cytometer takes in a sample of cells or cell particles suspended in solution, sending them in a single file past a laser beam. Figure 1 highlights the high-level physics behind the measurement of forward scatter and side scatter. Forward scatter approximates cell size. Side scatter approximates internal structure of the cell, or granularity. Taken together, forward scatter and side scatter can help identify types of cells (Parks, 1996) .
Fluorescence detectors measure the presence of cells or molecules that have been dyed during the preprocessing of the sample. Each particle on which data is recorded is called an event. Data collected by the flow cytometer during the processing of a sample is written to an output file. The file format includes a header section, an ASCII text section specifying parameters of the data run and a section recording the data from the events. The data section is often written in a binary encoding. Thus, the file must be processed by a utility program for the event data to be translated to a human-readable form. Table 1 shows sample event data after processing. Putting this work into context for the nonbiologist, lipid rafts may support the transport of MHC class II molecules to the surface of the cell. These molecules aid in resistance to certain diseases. The project considered in this paper attempts to verify the lipid raft hypothesis by showing that mice raised on a high-fat diet have more surface expression of MHC class II than those raised on a low-fat diet. The presence of MHC class II can be detected through cytometric analysis (Personal Communication, Schweitzer et al., 2004) .
The project under consideration started with 112 mice. Half of the mice were fed with a high fat diet (5% coconut oil and 5% safflower oil) and half a low fat diet (5% safflower oil). After approximately 16 weeks, the mice were killed. The spleens were removed, and a suspension of splenocytes was prepared.
Sub-samples of the splenocyte suspension were then dyed with substances designed to fluoresce in the flow cytometer. Lysosomal acidity was measured by the fluorescence of LysoSensor stain. MHC class II expression was measured by the fluorescence of a phycoerythrin conjugated rat anti-mouse I-A/I-E. In experimental data, samples stained with this substance were labelled 'M5114'. Additionally, some samples were stained with an isotype (IgA/IgE), which binds to all nonspecific matter, thereby acting as a control.
Some of the samples were treated with CytoPerm/CytoFix processing. This process, also used by Kumar et al. (2002) , permeates the cell membrane, allowing intracellular staining. This treatment is labelled 'CPCF' in the experimental data.
The project included four strains of mice -Balb/c, C57/Black 6, UPC2 Knockout and P6129. These species are represented in the data as B, C, U and P individuals, respectively.
CellQuest (BD Biosciences) and FlowJo (www.flowjo.com) are tools that the researchers use to analyse the flow cytometry data. These packages present the data graphically, and provide summary statistics. Summary statistics include number of events, mean and geometric mean. The software also lets users manually define subsets or clusters of data. The graphical or statistical analysis can then be performed on those clusters. Such analytical techniques are used by Desbarats et al. (1999) , Huber et al. (2001) and Lee et al. (2004) .
Methodology
This current analytical environment of flow cytometry analysis is limited, closed and sample-centric. A different environment is required to leverage more powerful analytical tools, to support analysis on sets of samples and to include essential characteristics of samples. Such a rich analytical environment (RAE) is created by parsing the FCS data and loading the resulting data into a relational database. Additionally, the parsed data is associated with information about the individual, the sample type and the experiment.
Once the data is in a standard relational database, a variety of tools and techniques can be employed. Viable tools for analysing the data include SQL; programming languages such as Java, Perl and database stored procedures; and data analysis and graphing programs. Such programs can have a mathematical or scientific focus, such as MATLAB (www.mathworks.com) and Origin (www.originlab.com). Alternatively, they can have a business intelligence focus such as Business Objects (www.businessobjects.com) and Cognos (www.cognos.com). Many powerful tools for analysing data in relational databases are available. The research biologist can leverage these tools, once the data is exposed. Figure 2 shows the data flow for building the RAE. The Java program written for this work, FCSParser, processes the native flow cytometry into two files, events and parameters. The event data is combined with information about the sample with which it is associated. This data includes individual diet type and strain and sample type and is obtained from the sample key, which is manually created by the biologists. This sample key is manually transformed from its word-processed format into a format suitable for loading into a database. An extract from the resulting file is shown in Table 2 . Table 3 . Overall statistics on the data set are shown in Table 4 . The large number of individuals (90) and the large number of samples (1419) highlight the difficulty of sample-based analysis in this project. Inspecting the data one sample at a time would be tedious and time-consuming. 
Analysis
Once data from a flow cytometry experiment has been parsed and loaded into the RAE, a variety of analytical techniques can be employed. These techniques can be statistical or graphical. Multiple samples can be analysed with the same technique at the same time. Summary statistics can be generated on all of the samples associated with a particular individual. These are shown in Table 5 . The results show:
• a relatively consistent number of events in each sample
• increased fluorescence on Isotype and M5114 samples
• relative consistency across replicates of the same sample type.
Essentially, the summary statistics show expected results with a comforting level of consistency, thus providing a quick quality check. However, in the larger data set, some samples contain an unusually high number of events. The flow cytometer is configured to process the sample until a certain number of events in a target range have been recorded. A high number of total events suggests that a particular sample is somehow different than the norm, and may require careful inspection. These samples may be suspect from a quality perspective.
In this experiment, the flow cytometer was configured to process each sample until 5,000 events were recorded within the target range. The average number of total events per sample was 8,886. The result set shown in Table 6 indicates which individuals are associated with samples that contain more than 20,000 events, and the number of such samples. A large number of such samples associated with a particular individual (e.g., CH-8, PL-1) may suggest that there is something unusual about that individual, or about the way in which samples drawn from the individual were prepared. The RAE also supports the derivation of new measurements from the source data. One such measurement is normalised fluorescence. All other things being equal, the larger cells have more surface area for the stains to adhere to, and consequently, more fluorescence. Since forward scatter is an approximate measurement of cell size, one possible normalisation function is FL2LOG/FS. The analysis techniques discussed in the following section refer to this normalised fluorescence.
Recall that the experiment under consideration contains both normally processed samples and those processed with CytoPerm/CytoFix (CPCF). The hypothesis is that the CPCF samples will have more fluorescence, owing to the intracellular staining. The RAE allows us to select those samples treated with M5114, and compare the normal samples to the CPCF samples. A subset of the resulting data is shown in Table 7 . The expected finding of more fluorescence (FL2LOG) on CPCF samples is not consistently shown. However, if fluorescence is normalised (FL2LOG/FS), a higher value is consistently shown on the CPCF samples. This result highlights the value of the normalisation technique. Table 7 Result set (extract) -M5114 samples, normal and CPCF processing Graphical techniques also can be employed. In this work, graphs were created with a Java program incorporating JfreeChart (www.jfree.org) libraries. A SQL statement is submitted to the database, and the result set is presented graphically. Figure 3 shows a family of histograms of Normalised FL2 for all samples for a particular individual. This technique shows the similarity or dissimilarity of the replicate samples. It also shows the similarities and the dissimilarities of different sample types. Figure 4 contains histograms of forward scatter for all M5114 samples of a particular individual. Again, it shows the similarity of the replicate samples. It also shows that different processes have a fundamentally different distribution of forward scatter. Upon first thought, one would not expect the sample type to influence the size of the cells. However, the CPCF process perforates the cell membrane, thereby visibly altering the forward scatter. The cells essentially become smaller, reinforcing the importance of the normalisation technique discussed above. 
Discussion
The work presented in this paper demonstrates that a rich analytical environment can be created from flow cytometry data. This analytical environment allows the analyst to perform types of analysis that were not previously possible, and to gather more knowledge more quickly. The essential features of the environment are:
• an open architecture in which multiple analytical tools such as SQL and graphical libraries can be leveraged • the combination of flow cytometry data with sample characteristics such as strain, diet and sample type • the ability to derive new metrics from core data, such as the calculation of normalised fluorescence • the ability to perform analyses across experiments, as opposed to on a small number of samples at a time.
Furthermore, because the environment is so rich from an analytical perspective, the possibilities for future work are significant.
Conclusion
The RAE empowers both the biologist and the analyst. Many types of analysis are possible when all of the data from an experiment is made available in an open environment. As biologists become more familiar with what they can accomplish with this environment, certain processes will become standard. Other processes will emerge as innovative and exciting.
